Conditional survival (CS) is defined as the probability of surviving further t years, given that a patient has already survived s years after the diagnosis of a chronic disease. It is the simplest form of a dynamic prediction in which other events in the course of the disease or biomarker values measured up to time s can be incorporated. CS has attracted attention in recent years either in an absolute or relative form where the latter is based on a comparison with an age-adjusted normal population being highly relevant from a public health perspective. In its absolute form, CS constitutes the quantity of major interest in a clinical context. Given a clinical cohort of patients with a particular type of cancer, absolute CS can be estimated by conditional Kaplan-Meier estimates in strata defined, for example, by age and disease stage or by a conditional version of the Cox and other regression models for timeto-event data. CS can be displayed as a function of the prediction time s in parametric as well as nonparametric fashion. We illustrate the use of absolute CS in a large clinical cohort of patients with multiple myeloma. For investigating CS, it is necessary to ensure almost complete long-term follow-up of the patients enrolled in the clinical cohort and to consider potential age-stage migration as well as changing treatment modalities over time. CS provides valuable and relevant information on how prognosis develops over time. It also serves as a starting point for identifying factors related to long-term survival.
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Introduction
When determining the prognosis of a patient with a chronic disease, for example, a specific type of cancer, this quantity is usually expressed in terms of an overall survival (OS) probability. The survival function S(t) attached to OS denotes the probability that a patient will still be alive t years after diagnosis. Thus, the survival function S(t) provides the relevant information for the patient and the treating physician at t ¼ 0, that is, the time of diagnosis. In almost all such clinical situations, additional information on the patient's demographic and tumor characteristics, for example, age, gender, and disease stage, is available at t ¼ 0 ("baseline"). These baseline characteristics are then used for a prognostic classification to arrive at a more specific quantification of the patient's prognosis. Thus, for example, the 5-year survival probability, S(5), might be much higher for a patient in an early disease stage as compared with the 5-year survival probability of a patient in an advanced stage of the disease. Such more or less elaborated classification systems exist for all cancer entities (1) and are routinely used in clinical practice.
OS, however, does not reflect how prognosis changes over time and can, therefore, be considered a "static" prediction. In particular, OS is not very informative for a patient (and his/ her treating physician) who has already survived a number of years. Such a patient, still alive after s years, would be much more interested in having information on the conditional probability of surviving further t years, given that she/he already survived s numbers of years. This conditional probability, usually referred to as conditional survival (CS; refs. 2, 3), is given as CSðtjsÞ ¼ Sðs þ tÞ SðsÞ by using the standard definition of a conditional probability. Thus, for example, CSð5 2 j Þ denotes the conditional probability of surviving 5 þ 2 ¼ 7 years, given that the patient is still alive at s ¼ 2 years; with s usually being called the prediction time or, more precisely, the time at which the prediction is made. Of course, CS can also be more specifically determined by using additional information on the patient's baseline characteristics. Clearly, for prediction time s ¼ 0, CSðt 0 j Þ coincides with the survival function S(t) since Sð0Þ ¼ 1.
In principle, CS can be calculated considering usual KaplanMeier estimatesŜðtÞ and is given by c CS ðtjsÞ ¼Ŝ ðs þ tÞ
SðsÞ
Thus, for instance, if we want to estimate CSð5 2 j Þ we simply divide the Kaplan-Meier estimator at t ¼ 7 by the Kaplan-Meier estimator at t ¼ 2 resulting in c CSð5j2Þ ¼Ŝ ð2 þ 5Þ
Sð2Þ

¼Ŝ ð7Þ
Sð2Þ:
This leads to the same estimates as an approach in which we compute CS probabilities by restricting ourselves to all patients who are alive at s ¼ 0, 1, 2, 3, 4, 5 years, respectively, and not censored before s (we say they are in the "risk set" at s) and calculate the Kaplan-Meier estimator, so-called the conditional Kaplan-Meier estimator, for each of these restricted samples with s ¼ 0, 1, 2, 3, 4, 5 years, respectively, as a new time origins.
Both approaches by investigating the Kaplan-Meier estimator to estimate CS probabilities c CS ðtjsÞ provide identical results. Independent of the underlying approach used to estimate CS probabilities, CS can additionally be estimated in strata defined by baseline patient and tumor characteristics.
As an alternative to using Kaplan-Meier estimates, we can fit a Cox regression model derived at baseline s ¼ 0 to the patient cohort-or another regression model for time-to-event databy taking important baseline characteristics into account. From the estimates obtained from the Cox regression model, we can then calculate estimates of the survival probabilities S(t) that are necessary to derive estimates of CS according to the equation given above. Or, following the textbook Dynamic Prediction in Clinical Survival Analysis, by van Houwelingen and Putter (4), conditional versions of the Cox regression models for the prediction time points s ¼ 0, 1, 2, 3, 4, 5 by restricting to all patients who are alive at s ¼ 0, 1, 2, 3, 4, 5 years, respectively, could be investigated to estimate CS probabilities c CSðtjsÞ. CS probabilities derived from a Cox regression model will in general produce more stable estimates of CS than will the procedure based on (conditional) Kaplan-Meier estimates in strata (4) . In both cases, standard errors that are needed to construct confidence intervals can be calculated in a straightforward manner (5) .
In this article, we focus either on conditional Kaplan-Meier estimators or on conditional versions of the Cox regression models for each prediction time point s ¼ 0, 1, 2, 3, 4, 5 as new time origins as suggested by van Houwelingen and Putter (4), when estimating CS probabilities c CS ðtjsÞ.
Data Example
To illustrate the use of CS, we take a clinical cohort of all consecutive patients with multiple myeloma (6, 7) diagnosed in the Department of Hematology, Oncology, and Stem Cell Transplantation at the University Medical Center Freiburg (Germany) from 1997 to 2011 with follow-up until the end of 2011. Table 1 gives a summary on the distribution of gender, age at diagnosis, stage according to Durie and Salmon (D&S; ref. 8) , and admission period. These periods are defined by taking different but standardized treatment modalities into account. In the right column of Table 1 , we have displayed the results of a Cox regression model in terms of HRs with 95% confidence intervals and P values from the corresponding Wald tests derived at baseline s ¼ 0. As expected (9, 10), advanced stage (II and III) leads to a 2-fold increase of the hazard of dying as compared with early stage (I); we used only the D&S prognostic classification system (D&S; ref. 8) and not the International Staging System (11), because the latter was not available for all patients with multiple myeloma in the cohort. The hazard of dying also increases with increasing age at diagnosis whereas gender and admission period do not exhibit an effect on OS (12, 13) .
Prognosis at t ¼ 0 (baseline) is summarized in Fig. 1A -C. Figure 1A shows the Kaplan-Meier estimator of OS in the whole patient cohort over 25 years. From that we can derive that the 5-year survival probability S(5) is estimated as about 50%. In Fig. 1B and C, we have displayed the Kaplan-Meier estimates of OS according to age at diagnosis and stage, respectively. The estimated 5-year survival probabilities vary substantially, from 25% for patients ages 70 or older to 65% for patients younger than 60 years. Similarly, D&S stage I patients have an estimated 5-year survival probability of about 75% compared with 40% for D&S stages II and III patients. Figure 1C also shows that D&S stage II and III patients have a very similar prognosis; therefore, we have combined both D&S stages in the Cox regression model. A first illustration of CS is given in Fig. 1D , in which KaplanMeier estimates of CS curves CSðtjsÞ are displayed for s ¼ 0, s ¼ 1,. . . up to s ¼ 5. The lower curve, CSðtj0Þ, coincides with the OS curve shown in Fig. 1A , whereas the upper curve represents CSðtj5Þ providing the conditional probability of surviving further t years, given that a patient has already survived s ¼ 5 years. From the set of curves, we can see, for example, that the estimated 5-year CS probabilities CSð5jsÞ highlighted by dots are almost identical and equal to 50% for s ¼ 0, s ¼ 1,. . . up to s ¼ 5.
CS Displayed as a Function of Prediction Time
Instead of showing a set of survival curves as done in Fig. 1D or presenting some numbers in a table, it is much more informative to display CS as a function of prediction time s. This means that, for example, we would plot CSð5jsÞ, the conditional probability of surviving further 5 years given that a patient has already survived s years. This can in principle be done for every prediction time s, but for practical purposes it is mostly sufficient to do that for s ¼ 0, s ¼ 1, etc., in steps of 1 year (2). In Fig. 2A , we show the estimated 5-year CS using the conditional Kaplan-Meier estimator with the corresponding 95% confidence intervals. The latter are derived from the SEs of the conditional Kaplan-Meier estimates using standard techniques (5 From the presentation in Fig. 2A , it becomes much more evident that 5-year CS is almost constant and about 50% irrespective of prediction time s as can be derived from the set of survival curves displayed in Fig. 1D . We have a similar impression when looking at 5-years CS in the three categories for age at diagnosis (Fig. 2B) . Patients younger than 60 years have a constant 5-year CS of about 65% whereas patients ages 70 or older have a much lower, but also constant 5-year CS of about 25%. This constant pattern changes when looking at 5-year CS stratified by D&S stage. Patients with D&S stage I disease have a 5-year CS of about 75% at s ¼ 0 (baseline) that decreases to about 60% at s ¼ 5. On the other hand, for patients with D&S stage II or III disease, 5-year CS increases from about 40% at s ¼ 0 (baseline) to 55% at s ¼ 5.
So far, we have used the conditional Kaplan-Meier estimates in the whole patient cohort or in the respective strata defined by age at diagnosis and D&S stage as displayed in Fig. 1A -C to estimate 5-year CS as a function of prediction time s. For a more detailed stratification, however, the resulting subgroups become too small, to produce sensible estimates. For a stratification by age at diagnosis and D&S stage, we therefore used the alternative method based on the conditional versions of the Cox regression model presented in Table 1 , but in a simplified version omitting gender and admission period that both did not show an effect on the hazard of dying. This Cox regression model, which includes age and D&S as covariates, is fitted for each prediction time point s ¼ 0, 1, 2, 3, 4, 5, respectively. Figure 2D shows the estimated 5-year CS for the six age-stage categories confirming the impression that 5-year CS decreases slightly for patients with a favorable age-stage combination at baseline whereas it slightly increases for patients with an unfavorable age-stage combination at baseline. For reasons of clarity, we did not provide confidence intervals in Fig. 2D , but it has to be taken into account that their width is considerable and increasing with prediction time s; actually, the largest confidence interval is obtained for the D&S stage I-age older than 70 category as 0.13 to 0.57. Also here, the use of the conditional version of a Cox regression model leads to more stable results in the sense of narrower confidence intervals as compared with the use of Kaplan-Meier estimates in strata.
Prerequisites for Analyzing CS
From the considerations noted above, it is obvious that we need a sufficiently large dataset for a sensible analysis of CS. In our data example, the clinical cohort consisted of 816 patients diagnosed with multiple myeloma, which may be considered fairly large, but, as we have already seen, subgroups resulting from stratification, for example, by age-stage categories, are much smaller. In the previous section, we have shown that CS should then be derived by a regression model for time-to-event data as the Cox model.
Therefore, a limitation of CS estimated in strata, for example, 5-year CS probabilities for patients ages 70 or older, is that the resulting subgroups become too small to produce sensible estimates for later prediction times. This can in principle be resolved by reducing the conditional probability of surviving further t ¼ 5 years of interest [CSð5jsÞ] to t ¼ 2 years of interest [CSð2jsÞ] given that she/he already survived s years. For instance, patients with cancer diagnosed at older age could benefit from this setting even if the all-cause mortality hazard might be increasing. Because of a potentially increasing all-cause hazard in specific subgroups, such as patients ages 70 and older with D&S stage III, 2-or 5-year CS estimates could indicate a less favorable rather than a favorable future prediction, which still may be informative and gives patients an estimate of their long-term survival. Therefore, CS summaries-albeit useful and informative-need to be appropriately discussed with patients and used with prudent care.
A second prerequisite is that we have to ensure almost complete follow-up. In Fig. 1A-C , we give the number of patients at risk at various time points and see that these numbers dramatically decrease. The reason for this is 2-fold: Patients who died are no longer counted in the risk set as are patients who are censored. Censoring can naturally occur due to the last contact deadline and the resulting termination of follow-up-we call that administrative censoring-but can also occur for other reasons, for example, due to dropout. Clearly, we should minimize the latter, and an inspection of the censoring distribution may be used to check whether we have been successful. Figure 3A displays the KaplanMeier estimates of the censoring distribution-sometimes also called the reverse Kaplan-Meier curves (14)-stratified by admission period. Thus, for instance, the blue curve represents the censoring distribution of patients admitted before 2001. Ideally, there should be no censoring for these patients within the first 11 years, and the curve should stay on the 100% level, which it almost always does. Consequently, we have very few dropouts in this clinical cohort, and the censoring distributions reflect more or less the entry distributions of patients in the three admission periods.
When analyzing CS in a clinical cohort, we have to be aware of the fact that this cohort is usually not population based, and potential selection of patients has to be taken into account. Importantly, we must consider change of patient characteristics over time and/or the change of treatment concepts, including intensive or nonintensive therapies. From an inspection of Fig. 3B , which shows the Kaplan-Meier estimates of OS according to admission period, one could get the impression that patients admitted before 2001 have a better prognosis than patients admitted later. Simultaneously, however, we observe an apparent age-stage migration that is summarized in the bar charts displayed in Fig. 3C and D. From these two figures, we see that patients admitted before 2001 were much younger and in earlier D&S stages as compared with those admitted later. Thus, the results of an unadjusted analysis as presented in Fig. 3B can be totally misleading. Instead, we have to take these patient characteristics properly into account as we have done in the Cox regression model given in Table 1 . As we have already seen, admission period does not exhibit an effect after adjusting for age category and D&S stage.
Discussion and Conclusions
We have shown in this article that CS provides further information on the prognosis of patients with cancer, especially how their prognosis evolves over time. Taking the perspective of a patient (and/or her/his treating physician) who already survived a number of years, CS provides the relevant information since prognosis is adjusted for the time the patient already survived. For most tumor entities, it is hoped that CS will increase if a patient survives for a number of years. Zabor and colleagues (3) write "As a rule, CS estimates increase as the number of years survived increases, a relationship that is usually even more striking for patients with advanced-stage disease." This has been shown to hold true for many tumor entities, for example, colon cancer (2), melanoma (3), or lung cancer (5). The shape of CS is directly linked to the shape of the hazard function, which plays a central role for the understanding of mechanisms in survival analysis (15) , and is also the basis for investigating the effects of prognostic factors in the Cox regression model. The hazard function, also called the instantaneous death rate (15) , is the conditional probability of a patient dying in a short time interval after s, given that the patient is alive at s. Thus, a decreasing hazard rate leads to increasing CS and a constant hazard rate to constant CS, a pattern that we have observed for the patients with multiple myeloma. In our own experience, we have also observed decreasing CS in patients with chronic lymphocytic leukemia that probably reflects the progressive nature of this particular malignant disease.
We have defined and used CS in a straightforward manner by using the fact that the patient is alive at prediction time s as the conditioning event. Alternatively, one could determine CS, given that the patient is alive and progression/recurrence free at s. This approach is used for example by Zamboni and colleagues (2) when determining CS for patients with colon cancer. In general, by using a patient's "history"-from diagnosis to prediction time s-we can refine CS toward a more specifically determined prognosis. The "history" may contain events in the course of the disease like recurrence or progression (as described above) or longitudinal measurements of one or several biomarkers. This will be especially relevant for disease monitoring based on molecular or other markers obtained by noninvasive or minimally invasive methods, potentially allowing the early detection of treatment response/failure or disease recurrence/progression. A more general approach like this one is called "dynamic prediction" with CS constituting its simplest form. Dynamic predictions can be derived from multistate models and/or joint models for longitudinal and time-to-event data (4); statistical methods for development and assessment are available (16) , but are beyond this contribution.
Modern statistical methodology (parametric, nonparametric, and regression models) can be used to estimate and analyze CS. In this article, we have only presented two relatively simple approaches: conditional Kaplan-Meier estimates (in the whole patient cohort or in strata defined by baseline characteristics) and CS probabilities derived from conditional versions of Cox regression models. We would like to mention that, as usual in the analysis of survival data, the application of regression models is based on particular assumptions. For the Cox regression model, this is the proportional hazards assumption, which should be routinely checked. Within the context of CS, however, the refitting of the model at each prediction time point relaxes the proportional hazards assumption and allows the effect of covariates such as D&S stage to vary with time. For this issue and more elaborate approaches, we refer again to van Houwelingen and Putter (4).
We have emphasized that estimation of CS requires large cohorts with (almost) complete long-term follow-up. In the clinical cohort of patients with multiple myeloma, we were able to look at more than 20 years, which is remarkable and, to our knowledge, only achieved in one other study (17) . This long period causes additional problems, as patients' characteristics as well as treatment modalities may change. Thus, adjustment by means of regression models is absolutely necessary and na€ ve ad hoc analyses can be misleading. It must be acknowledged that a general improvement of prognosis in patients with multiple myeloma as recently described (18) (19) (20) is notoriously difficult to investigate within a clinical cohort that is not population based. CS has occasionally been used in studies reported in Clinical Cancer Research. In a recent article, Cucchetti and colleagues (21) investigated CS for cirrhotic patients after hepatic resection for hepatocellular carcinoma. In addition to a figure with OS of the whole patient cohort they presented 5-year CS (with 95% confidence intervals) dependent on various baseline characteristics in a table for s ¼ 0, s ¼ 1,. . . up to s ¼ 5 years. If one would plot the given numbers as a function of prediction time one could easily see that CS is in general decreasing in this setting. In an investigation on the prognostic relevance of polymorphisms in the IL4 receptor gene for patients with glioblastoma, Scheurer and colleagues (22) used CS in two ways: For a standard survival analysis they used CSðtj1Þ, i.e., the conditional probability of surviving further t years, given that a patient has already survived the first year. In addition, they presented numbers on CSð1jsÞ for s ¼ 0, s ¼ 1,. . ., s ¼ 5 when comparing the prognosis of patients with various risk variants. Here as well, a graphical display would have been helpful to make the results regarding CS more accessible.
As a final point, we would like to emphasize that CS is not only a quantity of interest per se in clinical cancer research, but can serve as a starting point for further investigations to identify such factors as genetic or other molecular markers (20, 23) related to long-term survival of patients with cancer.
